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A B S T R A C T
Tropical rainforests support a large proportion of the Earth’s plant and animal species within a restricted global
distribution, and play an important role in regulating the Earth’s climate. However, the existing knowledge of
forest types or habitats is relatively poor and there are large uncertainties in the quantiﬁcation of carbon stock in
these forests. Airborne Laser Scanning, using LiDAR, has advantages over other remote sensing techniques for
describing the three-dimensional structure of forests. With respect to the habitat requirements of diﬀerent
species, forest structure can be deﬁned by canopy height, canopy cover and vertical arrangement of biomass. In
this study, forest patches were identiﬁed based on classiﬁcation and hierarchical merging of a LiDAR-derived
Canopy Height Model in a tropical rainforest in Sumatra, Indonesia. Attributes of the identiﬁed patches were
used as inputs for k-medoids clustering. The clusters were then analysed by comparing them with identiﬁed
forest types in the ﬁeld. There was a signiﬁcant association between the clusters and the forest types identiﬁed in
the ﬁeld, to which arang forests and mixed agro-forests contributed the most. The topographic attributes of the
clusters were analysed to determine whether the structural classes, and potentially forest types, were related to
topography. The tallest clusters occurred at signiﬁcantly higher elevations (> 850m) and steeper slopes (> 26°)
than the other clusters. These are likely to be remnants of undisturbed primary forests and are important for
conservation and habitat studies and for carbon stock estimation. This study showed that LiDAR data can be used
to map tropical forest types based on structure, but that structural similarities between patches of diﬀerent
ﬂoristic composition or human use histories can limit habitat separability as determined in the ﬁeld.
1. Introduction
Tropical rainforests are relatively poorly understood, despite sup-
porting a large proportion of the Earth’s plant and animal species within
a restricted global distribution, and inﬂuencing the global carbon and
hydrological cycles (Corlett, 2016; Lawrence and Vandecar, 2014;
Thomas and Baltzer, 2001). Human activities such as logging and
clearing of forests for agriculture and agro-forestry continue to alter
their extent and composition, leading to fragmentation of habitats. This
makes it diﬃcult for species, including those on the brink of extinction,
to move to safer or more suitable locations in response to the destruc-
tion of their habitats or changes in climate (Corlett, 2016; Whitmore,
1990). Mapping of tropical rainforests is a pre-requisite for a better
understanding of these resources so that fragmentation can be mon-
itored, and strategies for conservation can be devised.
Tropical rainforests are also considered to play an important role in
regulating the Earth’s climate by being a large sink for carbon dioxide.
An accurate estimation of carbon components within a forest is a ﬁrst
step in the recent United Nations initiative for Reducing carbon
Emissions from Deforestation and forest Degradation (REDD). However,
limited knowledge about the quantity and spatial distribution of bio-
mass at the landscape level has led to considerable uncertainties in the
estimation of carbon stocks (Rödig et al., 2018). Even within the same
region, there can be large variations in carbon stock based on factors
such as topography, geology and natural or anthropogenic structural
changes (Laumonier et al., 2010). Accurate maps at the landscape level
could provide information about the diﬀerent forest types so that the
variability of biomass among the diﬀerent forest types is taken into
consideration for estimations of carbon stock.
Remote sensing, based on satellite imagery, has been extensively
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used for large-scale mapping and monitoring of global forest cover
(Hansen et al., 2013; Kim et al., 2014; Sexton et al., 2015). Field-based
surveys of habitats or forest types could be more diﬃcult for tropical
forests than temperate, in terms of access and a potential imbalance
between high species diversity and limited knowledge of taxonomy.
Remote sensing can be an eﬃcient source of information for mapping
tropical forests, and to identify forest types for more detailed ﬁeld
surveys (Moran et al., 1994; Salovaara et al., 2005). Broad tropical
forest types have been successfully classiﬁed using medium-resolution
optical imagery (Hill and Foody, 1994), although the availability of
cloud-free data and topographic eﬀects may pose problems for passive
remote sensing (Asner, 2001; Miettinen et al., 2014).
Airborne Laser Scanning (ALS), based on the active remote sensing
technique of Light Detection and Ranging (LiDAR), has advantages over
other remote sensing techniques especially in the case of forests. ALS
data are less inﬂuenced by cloud cover than satellite data since the
ﬂying altitude can be below the cloud layer. ALS provides information
about the three-dimensional structure of forests, which provides an
additional perspective of the habitat needs and requirements of species
compared to two-dimensional satellite imagery (Bergen et al., 2009;
Coops et al., 2016). Information about heights can be derived from
stereo-imagery, but their use may be limited in dense tropical forests,
where the ground is obscured by vegetation or shadows. ALS is con-
sidered to be the best suited for generating terrain models in forests due
to its ability to collect data from the forest ﬂoor, which is not possible
with passive optical remote sensing. Terrain models are required to
estimate canopy height and structure, which could be used for classi-
fying forest types (Wulder et al., 2008), and subsequently assessing
their carbon content (Asner et al., 2018; Mohd Zaki et al., 2018).
Tropical forests have been classiﬁed based on elevation (lowlands,
hills, sub-montane, montane), soil type (clayey, sandy), location with
respect to streams or rivers (water-logged, ﬂoodplain, terra ﬁrma), and
corresponding diﬀerences in structural characteristics. These structural
characteristics, including canopy height, canopy cover and density of
under-storey vegetation (Foody and Hill, 1996; Laumonier, 1997;
Thomas and Baltzer, 2001), can be derived from ALS data, and in turn
could be used for the classiﬁcation of tropical forest types, but has been
less explored. Kennel et al. (2013) undertook a technical analysis of ALS
derived height distribution statistics and texture measures (Haralick,
Fourier transform-based, and wavelet-based features) with diﬀerent
classiﬁcation approaches (linear discriminant analysis, random forest
and support vector machine), to map small sample areas representing
ﬁve structurally diﬀerent but low-growth forest types in French Guiana.
For boreal forests in Norway, Sverdrup-Thygeson et al. (2016) used 30
vertical ALS metrics, based on the laser height distribution, and 25
horizontal metrics, based on the crown characteristics and the dis-
tribution of canopy gaps, to classify near-natural and old-growth for-
ests. However, with the exception of Ioki et al. (2016), who assessed
tree community composition using 16 ALS variables for a disturbed
forest in Borneo, nothing similar has been attempted with tropical
rainforests.
Classiﬁcation algorithms are used to group grid cells/pixels into
labelled classes when accurate ﬁeld data are available for all the major
land cover types in the landscape, while clustering algorithms can be
used to group unlabelled data. Heterogeneity within forest types can
reduce the accuracies in pixel-based classiﬁcations. Large pixel sizes,
low-pass ﬁltering and segmentation have been used to reduce noise in
landscape-level mapping of vegetation. However, large pixel sizes may
result in multiple forest types within a pixel, while low-pass ﬁltering
may blur the boundaries reducing classiﬁcation accuracies (Hill, 1999;
Hou et al., 2013; Salovaara et al., 2005). Patches of diﬀerent canopy
structure and composition are often visible in Canopy Height Models
derived from ALS data, which may be diﬃcult to classify using a pixel-
based approach. Horizontal spatial patterns resulting from changes in
land cover, forest type or habitat can be characterised by patch or
landscape metrics (Turner et al., 2001).
The composition and structure of trees occurring in forest patches,
generated due to natural or anthropogenic causes, can have an inﬂu-
ence on the associated animal species. For example, bald-faced saki
monkeys (Pithecia irrorata) in the Peruvian Amazon have a preference
for sites with the tallest, most homogeneous canopies (Palminteri et al.,
2012). Bornean agile gibbons (Hylobates albibarbis) are considered to
select continuous canopies over discontinuous, and higher canopies
over lower for locomotion, often following established routes through
trees referred to as ‘arboreal highways’ (Cheyne et al., 2013; Chivers,
1974). For three sympatric primate species, white-faced capuchin
monkeys (Cebus capucinus), mantled howler monkeys (Alouatta pal-
liata), and black-handed spider monkey (Ateles geoﬀroyi), in a tropical
forest at Barro Colorado Island, movement patterns were shown to
correlate with canopy height and distance to gaps, which themselves
were related to forest maturity and lateral connectivity (McLean et al.,
2016). Using ALS data in Central Kalimantan, Bornean agile gibbons
and red langurs (Presbytis rubicunda) were shown to have almost non-
overlapping habitats for sleeping, ranging and feeding, with both forest
structure variables (e.g. canopy height) and landscape-scale measures
relating to anthropogenic disturbance (e.g. distance to forest edge or
burnt forest) explaining habitat suitability patterns (Singh et al., 2018).
The three-dimensional structure of forests, with respect to the ha-
bitat requirements of diﬀerent species, can be deﬁned by just three
attributes—canopy height, canopy cover and vertical arrangement of
biomass (Coops et al., 2016; Guo et al., 2017). In this study, we limit the
attributes derived from ALS data to these three broad categories, even
though it is possible to derive a large number of metrics from an ALS
point cloud, using the heights of points within a grid cell (McGaughey,
2015). Thresholds for estimating canopy cover in temperate, boreal or
managed forests may not be suitable for tropical forests, the trees being
dense and multi-layered, and optimum thresholds have to be de-
termined.
The aim of this study was to identify and characterise forest patches
based on structural attributes derived from ALS data in a tropical
rainforest in Sumatra, Indonesia. The ﬁrst objective was to develop a
method to identify homogeneous forest patches based on a Canopy
Height Model; generation of canopy attributes using a Canopy Height
Model is less complex than from the ALS point cloud. The second ob-
jective was to determine whether forest types identiﬁed in the ﬁeld
corresponded to structural classes based on ALS data. Land cover
changes in tropical forests have been observed to have a correlation
with elevation, with increased deforestation at lower elevations for
settlement, agriculture and plantations (Kanade and John, 2018; Putz
et al., 2018). Global tree cover is also correlated with slope in areas
with a history of anthropogenic land cover changes, where steep
ground acts as refuge for trees (Sandel and Svenning, 2013). The third
objective was therefore to analyse whether the natural clusters based on
the canopy attributes were related to topography.
2. Study Area and Datasets
The study area is in Batang Toru (1° 52′N, 99° 3′E), in the
Indonesian province of North Sumatra (Fig. 1). The Batang Toru forests
are home to a number of unique plant and animal species including the
newly identiﬁed (Nater et al., 2017) and critically endangered Tapanuli
orangutan (Pongo tapanuliensis), Malayan tapirs (Tapirus indicus) and
Sumatran tigers (Panthera tigris sumatrae); it is the southernmost known
habitat of orangutans in Sumatra, with the largest known population
south of Lake Toba (Wich et al., 2016). The study area covers ap-
proximately 162 km2, where a history of logging and clearing of land
for agro-forestry, selective logging to establish “forest gardens” and
natural dynamics have created a mosaic of forest patches.
ALS data were collected between 23rd March and 4th April 2015,
using a Leica ALS-70 HP LiDAR system from a ﬁxed wing aircraft. The
ﬂying height was between 900m and 1350m above ground level, and
the scan half angle was 22.5°. This generated an ALS point cloud with
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an average density of 12 returns m−2. The returns were classiﬁed into
ground and non-ground using an algorithm based on adaptive TIN ﬁl-
tering implemented in Terrasolid software, and divided into 240
(1 km×1 km) tiles for both the ground returns and non-ground returns
(Axelsson, 2000; PTMcElhanney, 2015). The software also identiﬁed
error or noise points within the data (labelled as Class 7 in LAS format),
which were subsequently removed from further analysis.
Field data were collected between 16th and 21st November 2013,
and between 25th July and 16th August 2016 by the surveying team of
the Sumatran Orangutan Conservation Programme (SOCP). The ﬁeld
data were collected for a rapid assessment of habitat types for an en-
vironmental management project, and covered less than 10% of the
study area. There were 505 data points classiﬁed into primary, ‘Kayu
Arang’, secondary/disturbed forests and mixed agro-forests.
• Primary forests are relatively undisturbed with no history of log-
ging. The dominant family of trees present is the Dipterocarpaceae,
with individual trees potentially growing to over 60m in height.
• ‘Kayu Arang’ (hereafter referred to as arang) forests form a natural,
edaphically-determined, low-growth forest of high conservation
value. Within this area of Batang Toru, arang forest is characterised
by a relatively low level of diversity, with woody species such as
Vaccinium heterophylla, Rhododendron spp. and Rhodoleia championii
being particularly prevalent.
• Secondary/disturbed forests have been logged in the past, and have
regenerated largely through natural processes.
• Agro-forests or “forest gardens” in the study area resulted from se-
lective logging and planting of trees such as rubber (Hevea brasi-
liensis), benzoin (Styrax benzoin) and durian (Durio zibethinus), the
latter being a fruit tree.
3. Methods
3.1. Generation of grid-level metrics from ALS point cloud data
Although descriptive statistics (metrics) at a resolution of 1m would
provide a detailed description of the study area, the scale may not be
suitable for classifying habitat types. A minimum cell size of 15m is
recommended for computing ALS metrics for forests (McGaughey,
2015), and thus a cell size of 20m was used in this study to better
match the tile size of 1 km×1 km. Note that the metrics were
generated with a cell size of 1m, and later aggregated to 20m (Section
3.3).
The classiﬁed ground returns had an average density of 1–2 returns
m−2. A Digital Terrain Model (DTM) with a grid cell size of 1m was
generated from the ground returns in FUSION software (McGaughey,
2015). The average elevation of all ground returns within a cell was
used to compute the elevation of each cell, and the cells that did not
contain any returns were ﬁlled by interpolation. The ground and non-
ground returns were merged, and the 95th percentile height of returns
within a cell size of 1m was generated, with the elevation of returns
and the DTM as the inputs. The 95th percentile height was used instead
of the maximum to exclude outliers. The generated output will be re-
ferred to as the Canopy Height Model (CHM) in the following sections.
3.2. Segmentation of the Canopy Height Model into forest patches
The CHM was used to generate homogeneous forest patches. The
CHM, with a cell size of 1m was reclassiﬁed into a binary raster in
ArcGIS™ 10.1 with height cut-oﬀ at 5m, to separate the forest and non-
forest areas. This threshold was based on the deﬁnition of forests by the
Food and Agriculture Organisation of the UN (FAO). All the grid cells in
the CHM with height less than 5m would now have a value of 0, and
those equal to or above 5m would have a value of 1. This binary raster
was then aggregated to 20m cells, by adding the values of the 1m cells
(equivalent to counting the number of 1m cells with height equal to or
above 5m within a 20m cell), and the values ranged from 0 to 400.
This 20m raster was again reclassiﬁed into a binary raster with a value
of 1 if at least 75% (or 300) of the 1m grid cells had a height above the
5m threshold. Eight more similar reclassiﬁed raster layers were gen-
erated with height thresholds from 10m to 45m, at 5m intervals.
These nine binary raster layers were then added together, gen-
erating a single output with values in the range 0–9; where a value of 0
represents 20m cells that do not have at least 75% of 1m cells with a
95th percentile height> 5m and a value of 9 represents cells that have
at least 75% of 1m cells with a 95th percentile height> 45m. This
raster layer was converted to polygons for further processing, such that
neighbouring cells of the same class were grouped into a single spatial
feature. Their areas were computed, and the polygons with an area less
than ca. 0.25 ha were reallocated to the surrounding class with a lower
value. Since the polygons were generated from 20m×20m cells, this
translated to reallocating polygons with an area less than or equal to
2400 m2 (i.e. six 20m×20m cells).
The above process was done sequentially starting from cells with a
value of 9. A few iterations had to be done at each step to remove all the
small polygons, since the initial merging could still generate polygons
with an area less than 0.24 ha. Those small polygons that were not
surrounded by cells with the next lowest height threshold were not
merged in this process, but were merged with the polygons with the
largest shared border as the ﬁnal step, to generate homogeneous forest
patches.
3.3. Generation of patch-level metrics
The nine binary 1m raster layers, with height thresholds from 5m
to 45m, produced in the previous step were used to generate patch-
level CHM-based metrics. The percentage of 1m cells in each binary
layer was computed for each patch. This provided an estimate of ca-
nopy cover for each height threshold (CanCov5, …, CanCov45), based
only on the CHM, which itself was based on the 95th percentile height
per 1m grid cell. Within each patch, the mean and standard deviation
of the 95th percentile values (HtMean and HtStd) were calculated, with
the 1m CHM and patch polygons as inputs. Thus there were 11 vari-
ables in total based on the CHM, out of which nine were canopy cover
at diﬀerent height thresholds. The canopy cover variables for clustering
were selected based on their inter-correlations.
Fig. 1. Location of ﬁeld data within the study area and location of the study site
in North Sumatra (inset); Base map from ArcMap™ 10.1.
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3.4. Clustering of the patches using k-medoids
The forest patches were treated as separate objects, without any pre-
assigned class, for clustering based on their structural attributes
(Table 1). K-medoids was selected over the more popular k-means for
clustering the patches since it uses actual data points as centroids, in-
stead of virtual points as in the case of k-means. K-medoids is also
considered to be more robust to noise and outliers than k-means. The
optimal number of clusters was selected using the Calinski-Harabasz
clustering evaluation criterion, an index using a ratio of a between-
cluster-means and a within-cluster-sum-of-squares statistic (Caliński
and Harabasz, 1974; de Amorim and Hennig, 2015).
3.5. Analysis of the clusters
ANOVA (one-way analysis of variance) was used to test for diﬀer-
ences in the LiDAR structure variables between the derived k-medoids
clusters, using Scheﬀe's procedure for post hoc pair-wise comparisons.
Box-and-whisker plots of the attributes grouped into the derived k-
medoids clusters were generated for visual analysis. The importance of
the individual attributes for the classiﬁcation was estimated using a
Random Forest classiﬁer. Height proﬁle transects were extracted across
the study site covering diﬀerent clusters to understand their structural
diﬀerences.
Cluster labels from the k-medoids output were extracted for all
points corresponding to the ﬁeld data collection, and a correspondence
between cluster names and forest types identiﬁed in the ﬁeld was as-
sessed using Chi-square tests. Tree species composition inﬂuences the
structural composition of forest patches, which in turn is inﬂuenced by
factors including topography. ANOVA was used to test whether there
were signiﬁcant diﬀerences between the elevations and slopes occupied
by the diﬀerent clusters. All statistical analyses were performed in
MATLAB, with α set to 0.001.
4. Results
4.1. Identiﬁcation of forest patches
The terrain elevation at the ﬁeld site ranged from 453m to 1417m.
The output from combining the nine diﬀerent canopy cover maps,
based on the CHM, had 101,816 patches, which were merged to gen-
erate 7994 forest patches (Fig. 2). There were 413 non-forest patches
which covered a total area of approximately 36 km2 of the 162 km2.
4.2. Analysis of the clusters
The number of canopy cover variables was reduced from nine to
ﬁve, at 10m intervals, since adjacent canopy cover variables based on
5m height intervals were highly correlated (> 90%). Grouping the
7581 forest patches using the seven variables (HtMean, HtStd,
CanCov5, CanCov15, CanCov25, CanCov35 and CanCov45) into six
clusters produced the highest Calinski-Harabasz index (Fig. 3), and six
was therefore selected as the number of groups for k-medoids clus-
tering.
Forests covered a major part (77.76%) of the study area. The
number of patches in each of the six forest clusters were 1414
(25.11 km2), 1802 (40.93 km2), 1072 (10.55 km2), 267 (1.76 km2), 800
(8.54 km2) and 2226 (39.30 km2) respectively. The mean canopy
heights of the six clusters were 25.27 ± 2.19m, 20.54 ± 1.84m,
12.17 ± 1.85m, 40.03 ± 5.84m, 30.03 ± 2.31m and
16.09 ± 1.94m respectively. High elevations occurred in the north-
west and south-east of the study area, with the high elevations in the
south-east also associated with steep slopes. The tallest
clusters—Cluster 4 and Cluster 5—predominantly occurred in the
south-east, while the shortest cluster—Cluster 3—was almost absent
there (Fig. 4).
The mean and standard deviation of heights and canopy cover at 5,
15, 25, 35 and 45m were signiﬁcantly diﬀerent between the six clusters
(all p < 0.001; F5, 7575 = 12,797.56; F5, 7575 = 150.03; F5, 7575 =
1433.9; F5, 7575 = 13,265.36; F5, 7575 = 17,986.5; F5, 7575 = 8521.41;
F5, 7575 = 2060.57). When the clusters were compared pairwise, all
diﬀerences were signiﬁcant for mean height and canopy cover at 25m,
but the other variables (standard deviation and canopy cover at 5m,
15m, 35m and 45m) varied between clusters in their separability
(Table 2).
Cluster 3 could be separated from all the other clusters based on
canopy cover at 15m, although there was some overlap with Cluster 6.
Cluster 4 and Cluster 5 could be separated from all other clusters, ex-
cept Cluster 1, using canopy cover at 25m (Fig. 5A–G). Canopy cover
values at 15m and 25m were also the most important predictors when
a Random Forest classiﬁer was used to estimate the importance of the
variables for the classiﬁcation (Fig. 5H).
The canopy of Cluster 3, the shortest cluster, seems to be open,
based on the few sample plots, with many points close to the ground
(Fig. 6A & B). Although the mean canopy height of Cluster 4 is 40.03m,
there are patches with heights well above 60m with diﬀerent canopy
layers visible in their height proﬁles (Fig. 6C). Gridding into 20m cells
and merging small polygons to generate forest patches inevitably
caused overlaps between clusters, especially at the boundaries (Fig. 6).
4.3. Comparison with identiﬁed forest types
The number of locations identiﬁed in the ﬁeld for primary, arang,
secondary/disturbed forests and mixed agro-forests were 91, 84, 171
and 159 respectively. None of the ﬁeld data points occurred in Cluster
4. There were only three locations in Cluster 5, and they were excluded
from the signiﬁcance test, since the expected values were less than 5.
There was a signiﬁcant association between the four remaining
clusters—Cluster1, Cluster 2, Cluster 3 and Cluster 6—and the identi-
ﬁed forest types: χ2(9, N=502)= 81.33, p < 0.001. This was mainly
due to the associations between arang forests and Cluster 3, and be-
tween mixed agro-forests and Cluster 6 (Fig. 7A). Arang forests seemed
to have an agreement with Cluster 3 (52.63%), which also had the
lowest mean canopy height among the six clusters. Cluster 6 is mostly
mixed agro-forest (41.82%). Secondary/disturbed forests occur in the
highest proportions in Cluster 1 (47.37%) and Cluster 2 (38.03%). All
the points in Cluster 5 belonged to primary forests, although it was only
3.3% of this ﬁeld type (Fig. 7B).
4.4. Relation between clusters and topography
The tallest among the six clusters—Cluster 4 and Cluster 5—occu-
pied the highest elevations and the steepest slopes. Cluster 3, the
shortest cluster, occupied the lowest slopes and the lowest elevations,
the latter along with Cluster 6 (Fig. 8). The elevations occupied by
Cluster 1 and Cluster 2, Cluster 3 and Cluster 6, and Cluster 4 and
Cluster 5 were not signiﬁcantly diﬀerent from each other (at
p=0.001). The slopes occupied by all the clusters were signiﬁcantly
diﬀerent from one another (at p=0.001).
Table 1
Attributes generated from the Canopy Height Model.
No: Variable Description
1 HtMean Mean height based on the Canopy height
Model
2 HtStd Standard deviation of height based on the
Canopy height Model
3–11 CanCov5, CanCov10, …,
CanCov40, CanCov45
Canopy cover at height thresholds of 5–45m
at 5m intervals based on the Canopy Height
Model (9 attributes)
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5. Discussion
Segmentation based on the CHM provided a simple, yet reasonably
eﬃcient, method for identifying forest patches using basic GIS software.
The developed segmentation and hierarchical merging method created
forest polygons which were as homogeneous in structure as possible,
with minimised heterogeneity caused by small (i.e. < 0.24 ha) patches
of taller trees. The forest patches corresponded reasonably well with
patches that could be visually identiﬁed from the CHM (Fig. 2). The
segmentation method could work in other forests in the region due to
the prevalence of logging, shifting cultivation and subsequent regrowth,
leading to a mosaic landscape.
Using the CHM is less time- and resource-intensive than working
directly with the ALS point cloud or individual trees (Alexander et al.,
2017) for delineating forest patches, especially for large areas. It should
however be noted that a CHM with a grid cell size of 1m was used for
generating the patch-level attributes. This could be equivalent to using
an ALS point cloud with a point density of 1 point m−2. Canopy cover
based on the CHM is in some ways a combination of the horizontal and
vertical components at a certain threshold. It is possible that this makes
it useful for identifying natural clusters in the dataset.
Canopy cover can be calculated at any height threshold, and 1m is
often used as the threshold in managed forests to separate ground from
canopy returns (Solberg et al., 2009). A height threshold of 5m was
used in this study to separate forests and non-forests, based on the
deﬁnition of forests by the FAO. Almost 84% of the forest patches had
canopy cover above 90% based on the CHM at a threshold of 5m, and
this would have made it less important for the classiﬁcation. Canopy
cover at higher thresholds was therefore used as additional attributes,
and canopy cover at thresholds of 15m and 25m were found to be
important for the classiﬁcation (Fig. 5H).
The signiﬁcant association between the forest structure, represented
by the natural clusters, and the forest types in the study area was
mainly due to the association between arang forests and Cluster 3.
Arang forests are considered to have lower biodiversity than rainforests,
but are characterised by high uniqueness of species, with a few (such as
Wegner’s glass lizard (Dopasia [Ophisaurus] wegneri) and the endemic
pitcher plant Nepenthes tobaica) of High Conservation Value. However,
there have been very few studies on the species composition and extent
of these habitats (Sarulla Operations Ltd., 2015). Forest structure
Fig. 2. Forest patches generated from the combined canopy cover maps at diﬀerent height thresholds (A), and after the merging process (B).
Fig. 3. Calinski-Harabasz indices for two to ﬁfteen clusters.
Fig. 4. Forest patches belonging to clusters 1 & 2 (A), 3 & 6 (B) and 4 & 5 (C) overlayed on the Digital Terrain Model.
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characterisation using ALS data could therefore be useful for the deli-
neation and conservation of these unique habitats.
The forest types were determined in the ﬁeld based on a mixture of
ﬂoristic and structural criteria, where very mature agroforestry systems
may appear structurally similar to tall primary forests. Benzoin and
durian are native species and agro-forests would therefore be structu-
rally not very diﬀerent from secondary/disturbed forests. Cluster 6 was
one of the shortest clusters, and had the highest association with agro-
forests. It is possible that Cluster 6 represents young agro-forests, with
mature agro-forests being located in the taller clusters (especially
Clusters 1 and 2).
Field data were collected in the more accessible parts of the study
area, and had only very few points in the tallest clusters—three in
Cluster 5, and none in Cluster 4. Clustering was therefore very useful in
identifying the natural clusters in the whole study area, which would
not have been possible using a supervised classiﬁcation. A number of
factors would have inﬂuenced the accuracy of assigning cluster labels to
the ﬁeld points. The use of handheld GPS, with low accuracies in
rugged terrain under thick canopy, would inﬂuence the location accu-
racy of ﬁeld points. Many of the ﬁeld points were close to cluster
boundaries, and an error in the location could get them assigned to
adjacent clusters. Points located within the small polygons that were
merged to generate the forest patches would also reduce the accuracy of
labelling. In addition to this, there could be high subjectivity in the
determination of diﬀerent forest types.
The tallest clusters—Cluster 4 and Cluster 5—had mean elevations
above 875m (Fig. 8); forests in Sumatra that occur between 800/900m
and 1300/1400m are characterised as sub-montane (Laumonier,
1997). Canopy cover is complementary to gap fraction, and gap fraction
is often higher in selectively logged than old-growth forests (Kent et al.,
2015). The mean canopy cover for Cluster 4, the tallest cluster, was
above 90% even at a height threshold of 25m. It is highly likely that
these tall clusters with the highest canopy cover represent the few re-
maining patches of primary forest left in the region protected due to the
limited accessibility, although this can be ascertained only with ﬁeld
surveys.
Overall, it would seem reasonable to label Clusters 1, 2 and 6 as
‘secondary/disturbed or mixed agro- forest’, Cluster 3 as ‘arang or
young secondary/disturbed forest’, and Clusters 4 and 5 as ‘primary
sub-montane forest’. Although identiﬁed in the ﬁeld as separate habitat
Table 2
Results of ANOVA using Scheﬀe’s procedure for post hoc pair-wise comparisons. The six symbols in each cell show the results of the comparison of each cluster with
the other ﬁve; ✓- signiﬁcantly diﬀerent; × - not signiﬁcantly diﬀerent with α set to 0.001; □ – not relevant.
Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
HtMean □✓✓✓✓✓ ✓□✓✓✓✓ ✓✓□✓✓✓ ✓✓✓□✓✓ ✓✓✓✓□✓ ✓✓✓✓✓□
HtStd □✓✓✓×✓ ✓□✓✓✓✓ ✓✓□✓✓✓ ✓✓✓□✓✓ ×✓✓✓□× ✓✓✓✓×□
CanCov5 □×✓×✓✓ ×□✓✓✓✓ ✓✓□✓✓✓ ×✓✓□×✓ ✓✓✓×□✓ ✓✓✓✓✓□
CanCov15 □✓✓✓✓✓ ✓□✓✓✓✓ ✓✓□✓✓✓ ✓✓✓□×✓ ✓✓✓×□✓ ✓✓✓✓✓□
CanCov25 □✓✓✓✓✓ ✓□✓✓✓✓ ✓✓□✓✓✓ ✓✓✓□✓✓ ✓✓✓✓□✓ ✓✓✓✓✓□
CanCov35 □✓✓✓✓✓ ✓□✓✓✓✓ ✓✓□✓✓× ✓✓✓□✓✓ ✓✓✓✓□✓ ✓✓×✓✓□
CanCov45 □✓✓✓✓✓ ✓□×✓✓× ✓×□✓✓× ✓✓✓□✓✓ ✓✓✓✓□✓ ✓××✓✓□
Fig. 5. Box-and-whisker plots of mean canopy height (A), standard deviation of canopy height (B) and canopy cover, at height thresholds of 5, 15, 25, 35 and 45m
(C–G), for the clustering into six forest types, and estimates of predictor importance based on a Random Forest classiﬁer (H).
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Fig. 6. Vertical proﬁles through the point cloud from an area of 500m×20m with all the six clusters (A), with the three shortest clusters (B) and the three tallest
clusters (C), with points extracted from the Digital Terrain Model (black); Sample height proﬁles based on ALS point cloud (40m×20m) are also shown.
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types, agro-forests in this study area are a form of disturbed forest be-
cause they do not have a history of clear felling. Thus, what may be
clearly distinguishable in the ﬁeld based on ﬂoristic composition may
be less distinguishable based on structure.
The tallest patches in the study area are also largely conﬁned to the
south-east of the study area with steep slopes. Mapping and monitoring
the extent of these tall patches is important since large trees account for
most of the biomass in tropical forests. They also serve as a focal point
for biological activity, and create large gaps at death altering the forest
structure dynamics and releasing the sequestered carbon (Chambers
et al., 2007; Ferraz et al., 2016).
6. Conclusion
Landscape-level mapping of forest types based on structural char-
acteristics is useful in providing a broader view of the landscape com-
ponents compared to ﬁeld-based surveys in tropical forests. These maps
can be used for more eﬃcient ﬁeld-based surveys based on stratiﬁed
sampling rather than random sampling, which may not take all the
forest types into consideration. This is also relevant for carbon stock
assessment, where it is necessary to understand the heterogeneity in the
landscape for an accurate assessment of biomass, streamlined for dif-
ferent forest types. This could be a step forward in addressing the need
for incorporating regional variations into pan-tropical biomass maps
(Mitchard et al., 2014). The structural composition of the patches may
be an indication of habitat type and quality for the diﬀerent species in
these forests, which are increasingly under threat from anthropogenic
and natural disturbances.
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Fig. 7. Adjusted standardised residuals (signiﬁcant values ≥|3.0|) from a chi-squared analysis of clusters by forest type: χ2(9, N=502)= 81.33, p < 0.001 (A);
Percentage of ﬁeld-based forest types occurring in each cluster (B). The number of locations identiﬁed as primary, arang and secondary/disturbed forests and mixed
agro-forests are 88, 84, 171 and 159 respectively. The number of locations in the diﬀerent clusters are 67, 213, 57, 0, 3 and 165 respectively.
Fig. 8. Mean elevations (A) and mean slopes (B) occupied by the six clusters; ɑ=0.001.
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